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Abstract
During a geological sequestration project, realistic assessment of geological heterogeneity of the storage formation is
needed for predicting the migration of CO2. A single deterministic model of the aquifer would not correctly represent 
the underlying uncertainties (geological, petrophysical, fluid properties etc.), nor would it address the issue of
uncertainty in predictions based on uncertain subsurface models. Recently we have explored the idea of creating
groups of models that share common flow characteristics and subsequently selecting the group exhibiting flow 
characteristics closest to the observed field data. This idea conveys two key advantages: it provides an estimate of 
uncertainty in the results of the history matching, and it helps identify those heterogeneities large enough to affect 
plume movement significantly. In this paper, we propose and demonstrate certain improvements in the workflow.
This approach holds promise as an inexpensive method of monitoring plume migration.
© 2013 The Authors. Published by Elsevier Ltd.  
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1. Introduction
Monitoring a CO2 plume during geological storage involves a combination of surface and subsurface
measurement technologies. Determining whether the current position and expected future path of the
plume meet designed or permitted specifications requires flow simulation using robust aquifer models. 
The creation of these models requires robust techniques for geologic characterization, and tools that make
the best possible use of dynamic data available to the operator. Conditioning reservoir models to dynamic
data is generally referred to as history matching. Conventional methods of history matching find a single 
optimum for an objective function expressing the mismatch between the simulated and observed 
response. In reality, the process of creating a reservoir model involves a large degree of uncertainty. Even 
models of hydrocarbon reservoirs, for which there is great economic incentive to gather data, often suffer 
* Corresponding author. Tel.: +1-512-471-3250; fax: +1-512-471-9605.
E-mail address: steven_bryant@mail.utexas.edu.
Available online at www.sciencedirect.com
   uthors. Published by Elsevier Ltd.
election and/or peer-review under responsibility of GHGT
 Sayantan Bhowmik et al. /  Energy Procedia  37 ( 2013 )  3672 – 3679 3673
from insufficient characterization of geological settings, reservoir structure, and fluid and rock properties. 
T tations of the reservoir model. The formations 
used for geologic storage may be characterized by even less data than oil and gas reservoirs. The history 
matching process has to realistically represent the uncertainty persisting after integrating the dynamic data 
into the reservoir model. 
We therefore propose a different paradigm for the problem of CO2 plume monitoring. Instead of a 
single history matched model, we look for a group of geologic models. The common feature of the group 
of models is not necessarily their petrophysical properties (i.e. not the spatial distribution of permeability, 
which is the centerpiece of traditional history matching), but their flow responses to injection rate 
fluctuation. The latter feature is more closely aligned with the goal of plume monitoring, which is simply 
to estimate plume location. From this perspective the only relevant aspects of the geologic model are 
those substantial enough to affect the path of the plume. This perspective is also consistent with reality: in 
many cases of CO2 storage, the available data will not be sufficient to distinguish anything except gross 
features of the possible geologic models. 
We have previously presented [1] the most important step toward this paradigm, namely a model 
selection algorithm for generating multiple history-matched models. The process refines an initial suite of 
aquifer models representing the prior uncertainty, to create a posterior set of subsurface models that 
reflect dynamic flow characteristics consistent with field-observed data. In this work, we outline some 
further improvements to this process. 
2. Model Selection Algorithm: Description of Method 
Here we provide a high-level description of the model selection algorithm, and further details can be 
obtained from our previous work on this problem [1]. We suppose that an operator has been injecting CO2 
into a storage formation for some period of time, during which the rate of injection and the wellhead 
pressure at each injector have been recorded. Injection is ongoing, and the operator wishes to evaluate the 
location of the CO2 injected to date, and to evaluate whether the planned injection schedule should be 
modified to ensure appropriate plume migration. The method described next assumes that only the 
injection data and a set of geologic models are available.  
2.1 Initial Suite of Models  
Given that data for developing the aquifer model may be only sparsely available, and that seismic data 
inform reservoir heterogeneity at a resolution considerably coarser than the geocellular modelling scale, 
there is significant uncertainty associated with the prior models of the aquifer. This uncertainty is 
represented in the modelling procedure through a suite of aquifer models that may reflect different 
depositional environments and different style of heterogeneity.  
2.2 Proxy Model and Responses 
The flow performance of prior models created for the aquifer have to be assessed in order to group 
models with similar responses and then to compare them to actual field data. A full-physics flow 
simulator could be used for this purpose; however, given that the motivation at this stage is only to group 
the models, any proxy which adequately incorporates the physics of flow would suffice. Moreover, 
because the number of prior models may be very large, a fast proxy is needed for practical applications. 
A random-walker based proxy can represent the influence of reservoir heterogeneity on CO2 plume 
migration [2]. A number of different proxy responses are recorded for every model for further analysis. 
These response statistics are recorded at specific locations in the grid termed as proxy-monitoring 
locations. The proxy responses at measurement locations we have previously used are: 
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 particle count at specific times, 
 particle distribution in the grid at different snapshots in time, that serves as an analogue to pressure 
distribution in the reservoir, and 
 time for particle count to reach particular proportions of maximum accommodation space. 
2.3 Model Grouping 
Denoting the response of the proxy function on the prior model zl(u) as r l(u) and assuming that there 
are L prior models with N responses recorded for each model, we can construct a response matrix: 
 (1) 
Multivariate classification techniques such as Principal Component Analysis and/or K-means cluster 
analysis can be applied to R to yield a grouping of reservoir models in terms of similarity of response of 
the proxy function. 
2.4 Bayesian Probability Updating based on Observed Performance 
The objective of Bayesian updating of cluster probabilities is to derive the posterior probability 
 i.e. the updated probability p for the model clusters zm(u) given the observed injection 
response RFref. This can be computed by the   
 (2) 
The key is to derive the likelihood  of observing the data given the models in a cluster 
zm(u). A representative model is selected from each cluster for full physics flow simulations to yield the 
corresponding responses (where M is the number of clusters). The representative 
model is constructed such that it reflects the dominant features in all models within a cluster, while 
having similar statistics as each model in the cluster. Given the observed injection history RFref, the 
deviation  is computed for every time interval. Assuming a Gaussian 
probability distribution for the mismatch with the mean as  and the variance   for every time 
interval given as the maximum spread in pressures calculated across all the clusters at that time interval, 
the likelihood of the observed response given the representative model for a cluster m can be calculated. 
The prior probability of the response  within the pool of M responses for the representative models 
i.e. p can also be calculated using the law of total probability by pooling together the responses 
for the M representative models as: 
 (3) 
Using the likelihood and the prior probability, the posterior probability of a cluster given the observed 
response can be calculated. A cluster can be picked based on the posterior probability. 
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2.5 Iterative Model Selection
After one update using the above process, a group m that exhibit flow response most similar to the
observed injection data is identified. It is quite likely that a single iteration would not yield a satisfactory 
match to the observed injection history. Consequently the process is repeated using the member models
that make up the group m. The updates terminate when the Bayesian updating of the cluster probabilities
does not improve the probability of any model cluster. This termination point is important: it represents
the limit of model selection subject to the available data. That is, no further discrimination between 
models is possible based on the available data. This scheme therefore automatically finds the inherent 
uncertainty in the history matching process. The entire process is summarized in Fig. 1.
3. Application of Model Selection to Field Case
The field case used to test the implementation of the model selection approach was the Krechba
dataset from the In Salah gas project. In Salah is a complex of gas fields located in the Ahnet-Timimoun 
Figure 1. Detailed schematic of the history-matching algorithm [1].
Figure 2. Map of Krechba, showing the layout of the injectors (blue) and producers (red). Adapted from [3].
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basin in central Algeria. Provisions have been made to compress and re-inject the CO2 separated from 
produced gas into the water leg of the reservoir for geological carbon sequestration. In Krechba, the field 
is produced by four production wells completed in the gas cap and the CO2 is re-injected using three
horizontal wells (Fig. 2).
3.1 Krechba Field Geology
The Krechba field is an anticlinal structure, where the primary CO2 storage unit is a sandstone
reservoir at a depth of 1800 m below the surface. The formation is about 20 m thick, and overlain by a 
900 m thick mudstone that acts as the seal. The faulting in the underlying Devonian structure has led to
the formation of a fracture network in the Krechba, primarily oriented in the SE-NW direction. This
knowledge will be incorporated in the suite of prior models below.
3.2 Model Selection Objective
Injection in Krechba was initiated in 2004 using two wells (KB-501, KB-503), and a third well (KB-
502) started injection in 2005. In June 2007, it was noticed that CO2 was leaking from the wellhead at an
abandoned appraisal well location NW of KB-502 [4], which was later confirmed to have originated in 
KB-502. The purpose of the work described here was to investigate if the location of the high 
permeability pathway that focused the plume migration could have been inferred from the injection data
gathered prior to the time CO2 leakage was observed at the abandoned well location.
4. Improvements to Model Selection: Proxy Response Measurement Locations
In the previous work, the locations for measuring the proxy responses were chosen as the 4 corners of 
a square template around the injection location KB-502 (Fig. 3(a)). However, the process of selecting 
these locations was guided by our previous knowledge that we were looking for heterogeneities around
well KB-502. It is a good monitoring strategy to measure proxy responses at locations near features such
as faults or wellbores known to exist in a storage formation. But the method should also be able to discern
preferential plume migration in locations not already apparent to the operator. To apply this approach in
general, the choice of proxy monitoring locations need to be driven by the pattern of geologic
heterogeneity expected in the subsurface.
The method we have devised involves computing a proxy for the flow response (such as pressure) at 
Figure 3. (a)  Proxy response measurement locations in previous work [1]. (b)Layout of proxy measurement locations using the
new PCA-based method. These locations are optimum for capturing variability between models.
Proxy 
response 
easurement
locations
m
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all grid nodes in the domain, and subsequently performing principal component analysis in order to find
those locations that have maximum contribution to the variability in response over all models. This still
relies on an application of the random-walker based proxy to approximate the full-physics flow 
simulation. A particular proxy response (for example the particle count) is chosen as most representative 
of the fluid flow, and each model in the ensemble is described by a vector composed of that response
recorded at all grid locations within the model. The response from all models can be compiled into a 
matrix, whose rows represent response at a grid block for all the models, and whose columns represent 
the response for all grid blocks for a particular model. Denoting this matrix as R, the covariance between 
any pair of grid nodes can be calculated as RRT. Subsequently, principal component analysis of the 
covariance matrix is performed for identifying the first leading principal component axis. Only those grid
locations which have a sizeable absolute contribution to this axis are retained as proxy measurement
locations.
The application of this method to the Krechba field shows measurement locations that are still centered
on the KB-502 injector, but spread out in an irregular shape (Fig. 3(b)). It should also be noted that these
locations are distributed in all three layers of the model, and the distribution differs for each layer.
Using these new measurement locations, the model selection algorithm was applied and carried 
forward for two iterations, with seven clusters of models being chosen for all iteration. The results are
shown in Fig. 4(a), (b). Only data from the first 700 days are used in the model selection.  When these
Figure 4. (a), (b) Cluster response at the first and second updates, respectively, with measurement locations chosen by the current 
method. (c), (d) Cluster response at the first and second updates, respectively, with measurement locations in a square around KB-
502 [1]. The results are comparable, highlighting the ability of the current method to find proxy measurement locations.
(a) (b)
(c) (d)
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results are compared to the results from our previous paper (Fig. 4(c), (d))  when the proxy measurement 
locations were located at the corners of a square template around KB-502  we can clearly see that the 
new method is comparable to the previous method; the advantage of the method lies in its applicability to 
more general cases, when we do not have any prior information about where dominant features are 
located. Figure 5 shows the cluster average of the best-matched models from both methods of locating 
proxy-measurement locations. A high permeability feature between the wells KB-502 and KB-5 can be 
seen on the average across all models, from both methods. 
 
 
 
Figure 5. Average permeability of all models in best-match cluster at the end of all updates from (a) previous method of 
measurement locations, and (b) Current method of measurement locations. Both show a high-permeability feature (circled) 
connecting KB-502 and KB-5. 
5. Future Work 
The model selection process was terminated after the second update, not due to a natural termination 
as shown in Fig. 1, but due to depletion of the number of models in the best match cluster. This premature 
termination can be understood using Fig. 6. Assuming that the best matched cluster at every update is the 
one in cyan, the process which starts off with 1000 models is reduced to a model set of 10 members after 
only 3 updates. Such a sparse set of models in inadequate to make any reasonable probability 
calculations, and this highlights the need of developing a process of replenishment of models in the best-
matched cluster after every update step.  
 
Figure 6. Rapid depletion in the number of models available for the model selection process. Starting from 1000 initial models (left), 
the number of models has been reduced to ~100 after the 2nd update (middle) and to 10 by the third update (right). 
One possible method of addressing this problem is to find the features common to all models in the 
best-fit cluster at the end of every update, and use these features together with some statistical measures 
(a) (b)
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(like histograms, variograms) to generate new models. These models may thus be anchored to some 
dominant features in the best matched models, while also incorporating new uncertainties.  
6. Conclusions 
The distance-based model selection algorithm provides an innovative method for finding an optimum 
set of models conditioned to reservoir geology and production/injection data that reflect the observed 
flow characteristics. The process of selecting proxy-measurement locations based on the pattern of 
heterogeneity observed over a suite of models renders the workflow more robust, and allows its 
application to a wider range of problems, notably to discern the effect of heterogeneities previously 
unknown to the operator. Model selection using this improved scheme for delineating proxy monitoring 
locations results in more robust assessment of uncertainty that persists after assimilating the dynamic data 
into the reservoir models.  
In spite of these improvements, the model selection algorithm still has problems which need to be 
addressed. One such issue is the rapid depletion of the model set with every update, and alleviating this 
would require a process of generating new models after every Bayesian probability update. In the In Salah 
case, the model selection algorithm clearly highlights the presence of a high permeability feature between 
KB-5 and KB-502. An important conclusion is that the presence of such a feature could have ascertained 
prior to abnormal breakthrough at the abandoned well KB-5. The method is amenable to incremental data 
assimilation as the additional data can be used to resolve the clusters further.  
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